ABSTRACT The unmanned aerial vehicle (UAV) networks have wide civil applications. However, due to the 3D deployment and high mobility of UAVs, the neighbor discovery for UAV networks faces great challenges. In this paper, we have designed a two-way handshaking neighbor discovery scheme for UAV networks. A scanning path for 3D UAV networks is proposed. In order to reduce the overhead of neighbor discovery, each UAV varies among the states of transmit, receive, and sleep with certain probabilities. The sleep probability is closely related to the probability of topology change of UAV networks. The optimal sleep probability is derived according to the mobility model of UAVs. The efficiency of the proposed neighbor discovery scheme is analyzed via the Markov process. The optimal transmission probability of UAVs is derived to improve the efficiency of neighbor discovery. Besides, the impact of various parameters on the efficiency of neighbor discovery is analyzed by simulation results. This paper has considered the deployment and mobility of UAVs in the design of neighbor discovery scheme, which provides an insight in the design of neighbor discovery schemes for UAV networks.
I. INTRODUCTION
Unmanned aerial vehicles (UAVs) are widely applied in the areas such as environment monitoring, disaster management, etc. [1] , [2] . Besides, multiple UAVs can cooperatively accomplish missions more efficiently and economically than a single UAV [3] . For example, multiple UAVs can be applied to collect the data of the sensors [4] . Xiao et al. [5] , [6] studied the security issues in UAV networks. Shi et al. [7] studied the cooperation between UAV networks and vehicular networks. The UAV networking is an active research area. However, due to the three-dimensional (3D) deployment and high mobility of UAVs, the UAV networks face great challenges in the design of neighbor discovery, multiple access control (MAC) and routing schemes.
Neighbor discovery is a critical early step to discover the neighboring nodes and construct the topology of UAV network. As illustrated in Fig. 1 , the neighboring nodes of a UAV is distributed in the sphere with the UAV at the center. With neighbor discovery, the neighboring nodes of UAV 1, UAV 3 and UAV 4 are discovered and the topology of the UAV network is constructed. With the constructed topology, the MAC and routing schemes of UAV network can be designed. The studies of neighbor discovery mostly focus on two-dimensional (2D) ad hoc networks, where the neighbor discovery with directional antenna [8] - [13] , the asynchronous neighbor discovery [14] - [16] , and the energy efficient neighbor discovery [17] - [20] were widely studied. The directional antenna provides long transmission distance and high data rate [8] . Meanwhile, the directional antenna reduces the interference of ad hoc networks. Thus the neighbor discovery with directional antenna is widely studied. Astudillo and Kadoch [9] proposed a neighbor discovery scheme for mobile ad hoc networks (MANETs) with beam width adaptive smart antennas, which can reduce delay and improve the throughput of MANETs. Zhang et al. [10] proposed two-way random neighbor discovery schemes for the self-configuring MANETs with directional antennas. Directional antenna is suitable for millimeter-wave communication. Yildirim and Liu [11] proposed a cross-layer neighbor discovery scheme for the ad hoc networks operating on 60 GHz millimeter-wave spectrum band. Park et al. [12] proposed the multi-band neighbor discovery scheme, where the 2.4 GHz band is adopted for network management such as neighbor discovery and the 60 GHz band is used for data transmission.
In the ad hoc networks with directional antennas, the asynchronous neighbor discovery schemes were also studied. Liu et al. [14] compared the synchronous and asynchronous neighbor discovery schemes in ad hoc networks with directional antennas. It was discovered that the time of asynchronous neighbor discovery is larger than that of synchronous neighbor discovery. Zhao et al. [15] proposed a three-way multi-carrier asynchronous neighbor discovery algorithm, which improves the efficiency of neighbor discovery and avoids repeated transmitting of packets. Tian et al. [16] proposed a hybrid asynchronous neighbor discovery algorithm, which performs better than the two-way synchronous and asynchronous algorithms.
On the other hand, the energy efficiency is also crucial in the neighbor discovery. The energy efficient neighbor discovery protocols were reviewed in [17] . In order to save the energy consumption in neighbor discovery, the sleep state is set for ad hoc networks and the node decides to listen, transmit, or sleep with certain probabilities [17] . When a node is in the sleep state, the neighbor discovery process will be stopped to conserve energy [10] . Chen et al. [18] proposed an energy-efficient asynchronous neighbor discovery scheme named ''Quick-Connect''. Bracciale et al. [19] proposed the energy-efficient neighbor discovery scheme for delay tolerant networks. Margolies et al. [20] proposed a neighbor discovery protocol named ''Panda'', where every node varies between the states of transmit, receive and sleep. The protocol ''Panda'' can maximize the neighbor discovery rate under a power budget [20] .
The neighbor discovery for 3D ad hoc networks has been initiated since the emergence of UAVs. Zhang et al. [21] studied the neighbor discovery of airborne-sea ad hoc networks. The scanning pattern in the neighbor discovery of 3D UAV networks was studied in [22] and the impact of the scanning paths on the performance of neighbor discovery was analyzed. However, in [22] , only two UAVs exist in the network model. To the best of our knowledge, there are rare literatures about the neighbor discovery of UAV networks.
In this paper, we propose the neighbor discovery scheme for UAV networks considering the 3D deployment and the mobility of UAVs. A scanning path for UAV networks is designed. In order to reduce the overhead of neighbor discovery, each UAV varies among transmit, receive and sleep states with certain probabilities. The optimal sleep probability is derived according to the mobility of UAVs. The efficiency of the proposed neighbor discovery scheme is analyzed using a Markov process and the optimal transmission probability is calculated to improve the efficiency of neighbor discovery.
The remainder of this paper is organized as follows. In Section II, the neighbor discovery scheme is introduced. In Section III, the neighbor discovery process is analyzed by Markov process and the optimal transmission probability and sleep probability are derived. In Section IV, the numerical results are provided to verify the relations between the neighbor discovery efficiency and various parameters. Besides, the optimal transmission probability and sleep probability are derived. Finally, Section V summarizes this paper.
II. NEIGHBOR DISCOVERY OF UAV NETWORKS A. SCANNING MODE OF ANTENNAS
The ad hoc networks with omnidirectional transmission and omnidirectional reception (OTOR) will face high collisions in the neighbor discovery [23] . Besides, the 3D mobility of UAVs will bring significant signal strength variability between transmitter-receiver pairs in UAV networks with OTOR [24] . The OTOR scheme has the shortcomings of short communication range. Moreover, the ad hoc networks with OTOR will suffer from severe interference, especially in the scenario with small path-loss exponent. Therefore, the OTOR scheme is not suitable for UAV networks. The directional antennas can reduce interference and increase network capacity for UAV networks [23] . However, the neighbor discovery with directional transmission and directional reception (DTDR) will suffer from severe delays [25] . Since the UAV networks has highly dynamic topology [26] , the DTDR is not suitable for air-to-air communication. Li et al. [27] verified the feasibility of combining omnidirectional and directional antennas to achieve fast neighbor discovery.
Using directional transmission and omnidirectional reception (DTOR) can make up for the above deficiencies in neighbor discovery. The signal can be transmitted with a long distance with directional transmission. Meanwhile, the difficulties of beam alignment can be relieved with omnidirectional reception. Due to the fact that the UAV is a highly mobile platform, the DTOR can balance the requirements of long-range transmission and the speed of beam alignment. The DTOR are adopted in this paper for UAV networks. The antenna mode of a UAV is illustrated in Fig. 2 . The widths of the scanning beam in horizontal and vertical directions are the same, which are denoted by β. As shown in Fig. 3(a) , the angle between the scanning beam and the z-axis is denoted by θ. The angle between the scanning beam and the x-axis is denoted by ϕ.
As illustrated in Fig. 3(a) , the transmit beam is scanning within a plane. When the scanning of a plane is completed, the transmit beam switches to the adjacent plane and starts scanning the plane. It is noted that all the planes have the same axis ω and the angle between two adjacent planes is β. The transmit beam scans plane by plane such that the entire 3D neighboring space is scanned. The entire scanning paths are shown in Fig. 3(b) .
The transmit distance, namely, the radius of a UAV's neighborhood is denoted by R. In order to discover the neighboring UAVs around a UAV, the number of scanning time slots in a neighbor discovery cycle is
B. THE PROCESS OF NEIGHBOR DISCOVERY
We adopt the two-way handshaking method to discover the neighboring UAVs. In order to improve the efficiency of neighbor discovery, the transmission of packets between two UAVs stops as soon as their handshake accomplished, which is denoted by stop after handshake mechanism [15] . In order to discover all the neighboring UAVs, there is no sleep state in the first cycle of neighbor discovery. The neighbor discovery process and state transition of a UAV after the first cycle of neighbor discovery are shown in Fig. 4 .
C. IMPACT OF UAV MOBILITY ON NEIGHBOR DISCOVERY 1) SLEEP STATE
Due to the high mobility of UAVs, the topology of UAV network changes frequently. The density and velocity of UAVs have an impact on the connectivity of UAV networks [28] . Hence each UAV needs to update its neighbor list frequently to maintain the network connectivity. Assume that the number of neighboring UAVs of UAV A is N . The flying velocity of UAV A is denoted by v 0 . The flying velocities of the neighboring UAVs of UAV A are denoted by
It is assumed that the velocity of each UAV remains unchanged during a neighbor discovery cycle since the duration of a neighbor discovery cycle is small. The sleep probability of UAV A is set as p s . The average relative velocity between UAV A and its neighboring UAVs is denoted by λ, which is as follows.
Considering the efficiency of neighbor discovery, the sleep probability should be upper bounded by a value ξ , namely, p s ≤ ξ . The optimal value of p s considering the mobility of UAVs will be derived in Section III.
2) THE HELLO PACKET OF NEIGHBOR DISCOVERY
In order to inform a UAV of the moving velocities of its neighboring UAVs, we add the moving velocity and direction information into the hello packets of neighbor discovery. The size of each neighbor discovery hello packet is 50 bytes [31] . If there is no sleep state of UAVs, the average number of hello packets of neighbor discovery sent by UAVs is 2N in a neighbor discovery cycle. The total amount of data is 100N bytes in a neighbor discovery cycle. Adding a sleep state to UAVs can save energy in neighbor discovery.
3) PROCESS OF NEIGHBOR DISCOVERY
When the mobility of UAVs is extremely high, the topology of UAV network may be changed during a neighbor discovery process. UAVs may enter or leave the neighborhood of a UAV. Hence mobility should be taken into consideration when a neighbor discovery scheme is designed. We discuss the following three cases that will change the list of neighboring UAVs.
1) Neighboring UAVs leave the neighborhood of a UAV immediately after the neighboring UAVs have been discovered. 2) Neighboring UAVs leave the neighborhood of a UAV while the neighboring UAVs are being discovered. 3) Neighboring UAVs enter the neighborhood of a UAV after a neighbor discovery cycle. In the first case, the number of UAVs in the the neighbor list is larger than the actual number. However, a short neighbor discovery cycle interval, namely, a small sleep probability can reduce the probability of this situation.
The second case may lead to more UAVs in the neighbor list than the actual number. We adopt two-way handshaking to reduce the probability of this situation. When a UAV fails to receive the acknowledgment packet from a neighboring UAV because it leaves the neighborhood, the neighboring UAV is failed to be discovered.
The third case may result in less UAVs in the neighbor list than the actual number. To reduce the probability of this situation, we set a small sleep probability for a highly mobile UAV network.
Besides, the sleep probability of the first neighbor discovery cycle of all UAVs is set as zero. The main notations used in this paper are provided in Table 1 .
III. ANALYSIS OF THE NEIGHBOR DISCOVERY SCHEME
We assume that there are N UAVs in the neighborhood of UAV A. The transmission probability of each UAV is denoted by p 0 . The Markov process, which was applied in the analysis of MAC protocols [29] , [30] , is adopted to analyze the process of neighbor discovery. UAV A can discover other UAVs in the receive state or transmit state.
A. ANALYSIS OF NEIGHBOR DISCOVERY EFFICIENCY 1) UAV A IS IN THE RECEIVE STATE
When UAV A is in the receive state with the probability p r = 1 − p 0 , UAV B will be discovered by UAV A if UAV A receives a packet from UAV B. In this situation, UAV A can receive a packet from UAV B with the probability
Because the UAVs adopt DTOR, the packet sent by UAV B can be received by UAV A only when the beam of UAV B is pointing to UAV A. Hence the probability that UAV A discovers UAV B successfully when UAV A is in the receive state is
where P col R is
In ( 
= 0, which means that there is no collision in the reception of neighbor discovery packets, namely, there are no multiple UAVs concurrently transmitting to UAV A.
According to (5), we have
with the condition 0 ≤ i ≤ N − 2.
2) UAV A IS IN THE TRANSMIT STATE
When UAV A is in the transmit state, if and only if the neighboring UAV B receives the packet from UAV A successfully and UAV A receives the acknowledge information from UAV B, UAV B is discovered by UAV A. UAV A is in the transmit state with probability p t = p 0 . In this situation, UAV B can receive a packet from UAV A with the probability
Similar to the case that UAV A is in the receive state, the probability that UAV B receives a packet from UAV A successfully is
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, (9) where part (a) means that the UAV is in the transmit state. Part (b) denotes that the UAV is in the receive state and a collision occurs during the packet transmission.
The UAVs are assumed to be uniformly distributed in the entire region. The number of the neighboring UAVs of UAV A in one scanning beam that are not discovered is
where
and i represents the number of neighboring UAVs which have already been discovered by UAV A.
The other UAVs in the scanning beam of UAV A that covers UAV B can not receive the packet from UAV A with the probability
UAV A can not receive the acknowledge packets from the UAVs except of UAV B with the probability
Hence the probability that UAV A discovers UAV B successfully when UAV A is in transmit state is [15] 
Overall, the probability that UAV A discovers UAV B successfully is
3
) MARKOV CHAIN FOR THE ANALYSIS OF NEIGHBOR DISCOVERY PROCESS
The Markov chain is adopted to analyze the process of neighbor discovery. X n is the total number of neighboring UAVs of a UAV that have been discovered in the nth scanning. P ij (1) is the state transition probability that X n changes from i to j during one frame. The time length of each frame is the time length of one scanning. The Markov chain of X n is illustrated in Fig. 5 . The values of P ij (1) are
where p = P A−B suc . P = P ij (1) N ×N is the one-step transition probability matrix and P n is the n steps transition probability matrix. In the beginning, there are no neighboring UAVs that are discovered. Thus we have P(X 0 = 0) = 1. In other words, the number of neighboring UAVs is initialized as zero. After n frames, the probability of X n = k can be obtained in the first row of P n .
After n frames, the probability that all the neighboring UAVs have been discovered is
The expected number of discovered neighboring UAVs after n frames is
B. THE OPTIMAL TRANSMISSION PROBABILITY
The stop after handshake mechanism has an impact on the value of optimal transmission probability. Thus the neighbor discovery processes with and without stop after handshake mechanism are discussed.
1) NEIGHBOR DISCOVERY PROCESS WITHOUT STOP AFTER HANDSHAKE MECHANISM
According to the analysis in Section III-A, the efficiency of neighbor discovery process is proportional to P A−B suc . When the stop after handshake mechanism is not adopted,
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Since P A−B suc is a function of the transmission probability p 0 , the optimal transmission probability can be numerically achieved to maximize P A−B suc . The closed form of the P A−B suc is provided in (15) , as shown at the bottom of the previous page.
2) NEIGHBOR DISCOVERY PROCESS WITH STOP AFTER HANDSHAKE MECHANISM
In this paper, the neighbor discovery process adopts stop after handshake mechanism. Notice that the increase of the number of UAVs that have already been discovered will decrease the collision probability. Thus the number of UAVs which have already been discovered has an impact on the value of P A−B suc . The P A−B suc may be different in each frame. Hence the optimal p 0 cannot be achieved by maximizing P A−B suc . Thus we calculate the optimal p 0 by simulations in Section IV-B.
C. THE OPTIMAL SLEEP PROBABILITY
When the relative mobility of UAVs increases, namely, the value of λ increases, the probability that the neighbor lists change will correspondingly increase. Meanwhile, when the sleep probability of UAVs is high, although the overhead of neighbor discovery decreases, the neighbor lists will be updated infrequently. When the neighbor lists cannot be updated in time, the UAVs which have already left will still be in the neighbor lists and the newly coming UAVs cannot be discovered. The infrequent update of neighbor lists will result in the decrease of neighbor discovery accuracy. There is an optimal value of sleep probability to balance the overhead and the accuracy of neighbor discovery.
The number of frames in a neighbor discovery cycle without sleep state is N b . The number of neighbor discovery cycles during the period of t frames without sleep state is M = t N b . The number of neighboring UAVs surrounding a UAV is assumed to be N . Because the total amount of data is 100N bytes in a neighbor discovery cycle, the amount of data in t frames is
In this paper, Constant Velocity Random Direction (CVRD) model is adopted to model the mobility of UAVs [32] - [34] . The time length of a neighbor discovery cycle is small. Hence the flying velocities of UAVs during a neighbor discovery cycle are regarded as unchanged. The UAVs randomly select their moving directions in each neighbor discovery cycle independently.
The average flying velocity difference between a UAV and its neighbors is λ as shown in (2) . The number of changing neighbors of a certain UAV in a neighbor discovery cycle is related to the value of λ. The time of one scanning is τ . During a neighbor discovery cycle, the average relative flying distance between a UAV and its neighbors is
The distance between UAV A and a UAV in its neighborhood is denoted by x. The radius of the neighborhood of UAVs is denoted as R. As shown in Fig. 6 , when s/R = 0, the probability that the neighboring UAVs leave the neighbor during a neighbor discovery cycle is 0. When 0 < s/R ≤ 2, the probability that neighboring UAVs leave the neighborhood of UAV A during a neighbor discovery cycle is
where α is denoted in Fig. 6 , whose value is
Because the UAVs are uniformly distributed, the probability density function of x is
The number of neighboring UAVs that leave the neighborhood of a UAV in a neighbor discovery cycle is denoted by c. When s > 2R, every neighbors of a UAV will leave the neighborhood. In this situation, the expectation of c is E(c) = N . When 0 ≤ s R < 1, the expectation of c is shown in (25) , as shown at the top of this page. Similarly, when 1 ≤ s R ≤ 2, the expectation of c is shown in (26) , as shown at the top of this page.
The ratio of the UAVs that leave the neighborhood during a neighbor discovery cycle is γ = E(c)/N . The expectation of γ is
The (27) is non-integral. In order to simplify the analysis, the E[γ ] is replaced by its curve fitting form as follows.
The average accuracy of neighbor discovery in t frames is
where M is the number of neighbor discovery cycles during the period of t frames. In (29) , the errors only occur when UAVs are in sleep state. In order to guarantee the accuracy of neighbor discovery, the average accuracy of neighbor discovery is lower bounded by η l . The optimal sleep probability can be derived by solving an optimization problem as follows.
According to (30) , the optimal sleep probability is
where the value of E[γ ] is provided in (27) .
IV. SIMULATION RESULTS AND ANALYSIS

A. THE IMPACT OF PARAMETERS ON THE EFFICIENCY OF NEIGHBOR DISCOVERY
The number of neighboring UAVs, the beam width and the sleep probability have an impact on neighbor discovery efficiency. We present the impact of these parameters on the efficiency of neighbor discovery by simulation results. Firstly, we set the sleep probability of UAVs as zero to avoid the impact of sleep state on the efficiency of neighbor discovery. With the increase of the number of neighbors, the number of UAVs which need to be discovered increases and the collision probability of the neighbor discovery hello packets correspondingly increases. Hence the efficiency of neighbor discovery decreases with the increase of the number of neighboring UAVs, which is illustrated in Fig. 7 . Fig. 8 shows the probability of successfully discovering all neighboring UAVs, namely, P suc versus the number of nodes N . The P suc is calculated by counting the ratio of the number of successfully discovered UAVs within 100 frames to the total number of UAVs. In this simulation, the sleep probability is 0, the transmission probability and reception probability are both 0.5. Each value of P suc is calculated by ten thousand Monte Carlo simulations. According to Fig. 8 , with the increase of N , P suc is decreasing. When N is small, the P suc with large β is large because a large β can boost the speed of neighbor discovery. Meanwhile, the probability of collision is small when N is small. However, when N is large, VOLUME 6, 2018 FIGURE 7. The relation between probability of successfully discovering all neighboring UAVs with different number of neighbors.
FIGURE 8.
The relation between the probability of successfully discovering all neighboring UAVs and the number of nodes. the probability of collision increases with the increase of β, such that the P suc with a larger β is smaller.
Then we take the sleep state into consideration. Sleep probability of each UAV is denoted by p s . The transmission probability is denoted by p 0 and the receiving probability is
We compare the efficiency of neighbor discovery with different sleep probabilities. In the simulation, the transmission probability equals to the receiving probability, namely, p 0 = p r = 0.5 × (1 − p s ) . Fig. 9 illustrates the number of successfully discovered neighboring UAVs with different sleep probabilities. Notice that the neighbor discovery efficiency is maximized when the sleep probability is 0. Neighbor discovery efficiency decreases with the increase of sleep probability. Therefore, in order to realize high neighbor discovery efficiency, the sleep probability is set as small as possible.
B. THE TRANSMISSION PROBABILITY 1) NEIGHBOR DISCOVERY PROCESS WITHOUT STOP AFTER HANDSHAKE MECHANISM
According to (15) , the optimal transmission probability is related to N and N b . We compare the probability that a UAV 
FIGURE 10.
The relation between the number of neighboring UAVs of a UAV and the probability of a UAV successfully discovers another UAV.
FIGURE 11.
The relation between the number of scanning in a neighbor discovery cycle and the probability of a UAV successfully discovers another UAV.
successfully discovers another UAV with different values of N and different values of N b in Fig. 10 and Fig. 11 , respectively. Notice that P A−B suc increases when N and N b decrease. The vertical dotted lines in Fig. 10 and Fig. 11 represent the optimal transmission probability which maximizes the probability P A−B suc . As shown in Fig. 10 and Fig. 11 , the optimal transmission probability decreases with the increase of N b or N . The optimal p 0 as a function of N and N b is plotted in Fig. 12, which is denoted Fig. 13 and Fig. 14 illustrate the probability of successfully discovering all neighboring UAVs versus the number of frames. As shown in Fig. 13 , the efficiency of neighbor discovery decreases with the increase of N . The optimal transmission probability is 0.5. As shown in Fig. 14 , the neighbor discovery efficiency decreases with the increase of N b . The optimal transmission probability is also 0.5. 
2) NEIGHBOR DISCOVERY PROCESS WITH STOP AFTER HANDSHAKE MECHANISM
C. THE SLEEP PROBABILITY
The situation that the UAVs leave the neighborhood of UAV A during one neighbor discovery cycle is simulated. As shown in Fig. 15 , the lines within the sphere or across the sphere represent the moving paths of UAVs in the neighborhood of UAV A during one neighbor discovery cycle. The sphere represents the neighborhood of UAV A and its radius is R. With the increase of the moving distance s, the probability that a UAV leaves the neighborhood is increasing. When the moving distance of a UAV is larger than 2 R during one neighbor discovery cycle, it will leave the neighborhood. The relation between optimal transmission probability with different number of scanning in a neighbor discovery cycle.
FIGURE 15.
The relation between probability of UAVs leaving neighborhood and moving distance. The simulation result of the ratio of the neighboring UAVs that leave the neighborhood of UAV A in one neighbor discovery cycle matches well with the theoretical result in (27) and the simplified result in (28) , which is illustrated in Fig. 16 .
The optimal sleep probability can be derived according to (28) and (31) . Since the expression of γ after simplification is close to the calculated result, the E[γ ] in (31) can be substituted by the E[γ ] in (28) to get the optimal sleep probability p opt s . When the lower bound of the average VOLUME 6, 2018 accuracy of neighbor discovery is 90% and the upper bound of the sleep probability is 0.95, the value of sleep probability changes with the value of λ between 0.1 to 0.95 as illustrated in Fig. 17 . The values of R and N b also have an impact on the optimal sleep probability.
We assume that there are three neighbor discovery processes with different sleep probabilities during the period of t frames. The number of neighbor discovery cycles during t frames is set as M = 10. The number of neighboring UAVs of a UAV is set as N = 20. We set R = 20 and N b = 20. In Table 2 , we provide the total amount of data and the average accuracy of neighbor discovery versus the different sleep probabilities during the same t frames. It can be found that the average accuracy of neighbor discovery decreases with the increase of λ. For the case that λ = 0.5 in Table 2 , the optimal sleep probability is 0.272, which can reduce the amount of data transferred by 27.2% with the optimal sleep probability compared with the case that UAVs do not have sleep state. Similarly, the optimal sleep probabilities can be set as 0.145 and 0.100 respectively when λ = 1 and λ = 2, which can reduce the amount of transmitted data by 14.5% and 10.0% respectively with the optimal sleep probability.
D. THE COMPARISON OF DIFFERENT NEIGHBOR DISCOVERY SCHEMES
We compare four different neighbor discovery schemes with different methods of setting sleep probabilities. The proposed neighbor discovery scheme is indicated by ''dynamic p s '' in the simulation. When we randomly set the value of the sleep probability, the UAVs will sleep at an arbitrary probability between 0 and 1 in each neighbor discovery cycle. This neighbor discovery scheme is indicated by ''random p s '' in the simulation. Besides, the sleep-free neighbor discovery scheme is indicated by ''p s = 0''. We also consider the neighbor discovery scheme that sets the sleep probability as a non-zero fixed value. A neighbor discovery scheme with a sleep probability of 0.2 is indicated by ''p s = 0.2'' in the simulation. The frequency of topology change is defined as s/R, which indicates the ratio of the average relative moving distance between UAVs and the radius of UAV's neighborhood in each neighbor discovery cycle. The data size is the amount of transmitted data in a neighbor discovery cycle, which represents the overhead of neighbor discovery. Fig. 18 illustrates the relation between the data size and the frequency of topology change with four neighbor discovery schemes. The frequency of topology change increases with the increase of the value of s/R.
As shown in Fig. 18 , the neighbor discovery scheme without sleep state has the highest data overhead. When the topology change is not frequent, the proposed scheme in this paper significantly reduces the data overhead. When the topology changes frequently, the sleep probability is less than 0.2 with our proposed scheme according to (31) . The data size fluctuates drastically when the sleep probability is random.
The lower bound of the average neighbor discovery accuracy of the proposed neighbor discovery scheme is set as η l = 90%. The probabilities that η ≥ η l , which is denoted by P th , is illustrated in Fig. 19 . The value of P th is obtained by carrying out ten thousand simulations and recording the proportion of the event η ≥ η l in the simulations. The proposed scheme and the scheme without sleep state both achieve maximum P th . The P th of the scheme with p s = 0.2 rapidly declines when the frequency of topology change increases. For the scheme of ''random p s '', the P th decreases and fluctuates with the increase of the topology change frequency. In Fig. 20 , P da represents the ratio of the data size with each neighbor discovery scheme to the data size with p s = 0. Fig. 20 illustrates the average P da and the average P th of each scheme. When p s = 0, the P da and P th are maximum. The schemes with fixed p s and random p s can hardly meet the accuracy requirements. The proposed scheme in this paper can reach the accuracy threshold with small data overhead. The simulation results prove the superiority of the proposed neighbor discovery scheme.
E. THE NEIGHBOR DISCOVERY FOR THE UAVS IN FORMATION
In practice, the mobility of UAVs is not totally random. The UAVs are generally flying in formation. In order to verify the feasibility of the proposed neighbor discovery scheme FIGURE 21. The optimal sleep probability varies with the lower bound of the average neighbor discovery accuracy in different mobility models. in practice, the performance of neighbor discovery when the UAVs are in formation is simulated.
The mobility of the UAVs in formation is modeled by the Flight-Plan (FP) based mobility model [35] . The flight trajectories of UAVs are pre-defined [35] .
The performance of the proposed neighbor discovery scheme with two mobility models is simulated. The FP based mobility model is applied to model the practice movement. The CVRD mobility model is applied to model the random movement. Fig. 20 illustrates the relation between the optimal sleep probability and the lower bound of the average neighbor discovery accuracy with two mobility models. In the FP based mobility model, the network topology changes infrequently. As illustrated in Fig. 21 , the accuracy can still be guaranteed with high sleep probability. On the contrary, the CVRD mobility model causes frequent topology change. As shown in Fig. 21 , when η l increases, the optimal sleep probability reduces to ensure the accuracy of neighbor discovery. The relation between P da and η l and the relation between P th and η l are illustrated in Fig. 22 . In the FP based mobility model, the sleep probability is high. Hence the data overhead is small with the increase of η l . Besides, P th = 1 with two mobility models in Fig. 22 indicates that the proposed neighbor discovery scheme in this paper meets the accuracy requirement.
V. CONCLUSION
This paper proposes a two-way handshaking neighbor discovery scheme for UAV networks. In order to reduce the overhead of neighbor discovery, the UAV varies among the states of transmit, receive and sleep with certain probabilities. Considering the mobility model of UAVs, the optimal sleep probability is derived by solving an optimization problem. The Markov process is adopted to analyze the proposed neighbor discovery scheme. The optimal transmission probability of UAVs is derived to improve the efficiency of neighbor discovery. The proposed neighbor discovery scheme has balanced the efficiency and overhead of neighbor discovery in UAV networks, which may be applied in UAV networks. Notice that in this paper, we do not consider the mobility control to reduce the collision among UAVs [36] . In the future work, the neighbor discovery with mobility control will be considered.
